The growth of literature in the field of quality of service in the public transport (PT) sector shows increasing concern for a better understanding of the factors affecting service quality (SQ) in PT organizations and companies. A large variety of approaches to SQ has been developed in recent years owing to the complexity of the concept; the broad range of attributes required to evaluate SQ; and the imprecision, subjectivity and heterogeneous nature of the data used to analyse it. Most of these approaches are based on customer satisfaction surveys. This paper seeks to summarize the evolution of research and current thinking as it relates to the different methodological approaches for SQ evaluation in the PT sector over the years, and provides a discussion of future directions.
INTRODUCTION
For a long time the performance evaluation of Public Transport (PT) has been carried out from the service managers' perspective, based on the cost efficiency and cost effectiveness of PT services and operations (e.g. Hensher and Daniels, 1995; Pullen, 1993) . However, in the last few decades, Service Quality (SQ) has become a major area of attention for practitioners, managers and researchers, who have focused on the passengers' perspective.
Currently, researchers and managers in the PT sector strive to learn details about the main factors affecting SQ in their organizations for the obvious reasons of customer satisfaction, increased profitability, etc. An on-going enhancement of SQ represents an essential tool for transit agencies and transport planners in order to capture and retain more passengers. In fact, offering high quality transit services will encourage a modal shift from private modes to PT services and, consequently, it will promote a more sustainable mobility. SQ measures help transport managers to establish their strategic goals and to determine funding decisions. In 5 Carman, 1990) . In fact, Carrillat et al. (2007) demonstrated that the predictive value of the Parasuraman's model increased when the model's items were adapted to the study context. However, many items are repeated irrespective the type of service and context considered, due to the general importance for any of them. For example, for transit services those items are the frequency of the service, the punctuality, the comfort and cleanliness, the safety, the availability of information, the personnel courtesy, the fare and others. Therefore, additionally to these items, others aspects should be considered for each context-specific service, because the aspects appreciated by each user are highly dependent on the users' social and demographic characteristics; their context (i.e. geographical area, social class and type of service); the reason for travel; and the modes of transport used (e.g. Andreassen, 1995; Ganesan-Lim et al., 2008) .
The selection is frequently made on the basis of an exhaustive study of which attributes are the most important in terms of evaluating SQ in the service under study. In the field of PT several methods are used to that end: literature review, survey of operators, focus groups, pilot users survey, statistical tests to identify whether an attribute should or should not be considered. In most cases, combinations of these methods are used (e.g. Chau and Kao, 2009; Dell'Olio et al., 2010; Liu and Gao, 2007) . These methods are also used to simplify data collection by lowering the number of attributes. Therefore, ad-hoc surveys are the most appropriate tool for SQ analysis (it is not the same metropolitan services by bus than by metro, or regional services by train than by bus, etc.) and, although specific attributes are considered at each specific context, there are lots of attributes that are repeated among services. Then, comparisons should be made among services with similar characteristics and role.
Various papers point to the existence of several categories of attributes that have a greater or lesser impact on SQ and satisfaction. Philip and Hazlett (1997) propose a model with a hierarchical structure, based on three classes of attributes: pivotal, core and peripheral attributes. This model was subsequently contrasted for the rail transportation industry by who checked that the core attributes (e.g. the service announcements, seat comfort, rest room and café car) exerted the greatest influence on the passengers' satisfaction levels. The UNE-EN 13186 (2003) standard classifies the service characteristics 6 into basic (e.g. punctuality, safety), proportional (e.g. comfort, cleanliness) and attractive (e.g. contactless cards, navigators), depending on how compliance and non-compliance affects customer satisfaction. The Transit Capacity and Quality of Service Manual (TRB, 2004) groups attributes into availability factors, which are more important to passengers (e.g. timetables, service coverage, information), and comfort and convenience factors, less important for passengers (e.g. service appearance, overcrowded, fare). Eboli and Mazzulla (2008) empirically demonstrated the existence of two categories of attributes (basic and not basic) from the preferences showed by users. Basic attributes compromise SQ when their level is low (e.g. punctuality, frequency, service coverage) and non-basic attributes (e.g. cleanliness, driver courtesy) are considered secondary service characteristics that affect SQ if they are present, but do not compromise it if they are absent.
Nature of the data
In passenger transport services, functional quality is more important than technical quality (Parasuraman et al., 1985; 1988) which gives the SQ concept a subjective nature, in so far as it is the result of passenger perceptions or its comparison with their expectations. Therefore, the evaluation process usually involves subjective assessments, resulting in qualitative and imprecise data being used. Several authors (e.g. Fernandes and Pacheco, 2010; Kuo and Liang, 2012; Yeh et al., 2000) have used the fuzzy set theory as an effective method for handling the issue of subjective, qualitative and imprecise information inherent in the data used to assess SQ.
On the other hand, the subjective nature of this concept produce that the perceptions about different characteristics of the service are very different among users. Users' perceptions are heterogeneous because the qualitative nature of some PT service aspects, the different users' socioeconomic characteristics, and the diversity in tastes and attitudes towards PT.
To analyse this heterogeneity, one possibility is to stratify the sample and then build specific models.
Segmentation is normally carried out in terms of the population's socioeconomic and demographic characteristics (i.e. income, gender, car availability, frequency, etc.) (e.g. Andreassen, 1995; Dell'Olio et al., 2010) . However, other procedures are also used, such as cluster analysis (e.g. Wen et al., 2008) .
In recent years, there has been an emerging debate on whether subjective data (customers' opinions) can be combined with objective data (technical data) on service performance to evaluate the global quality of PT.
Some authors (e.g. Parasuraman et al., 1988; TRB, 2004) dismiss this approach because they consider that SQ is the quality perceived by the passengers' point of view. However, this type of measure suffers from a strong subjectivity and does not take into account non-users' perceptions. Moreover, if respondents are not correct sampled or users' judgements are too heterogeneous, considerable statistical errors could occur when analysing SQ (Eboli and Mazzulla, 2012a) .
Thereby, in the past ten years several studies have begun to propose the combined use of subjective and objective measures (e.g. Eboli and Mazzulla, 2011; 2012a; Nathanail, 2008) . In fact, Eboli and Mazzulla (2011) empirically identified some differences in the data obtained by both sources for defining the quality of various service attributes. Subjective rates showed high standards deviation among users' rates, while this variability was lower for the objective data. Most service attributes obtained a higher objective value than the average satisfaction rate expressed by the users, and only few subjective indicators reached a higher value than the objective one. This is very interesting because if users perceive a service aspect as satisfactory but it does not objectively reach appropriate standards of quality, transit agency may not invest further resources for improving that aspect. On the other hand, if users are unsatisfied with a particular service aspect but this aspect already offers good standards of quality, additional resources allocated for meeting customer requirements would be wasted (Eboli and Mazzulla, 2011) . On the contrary, as the main cause could be due to the aspect is somewhat hidden from the travellers, the additional resources should be reallocated to communication and information activities, in order to achieve that customers perceive the high quality of it.
Therefore, objective indicators can provide clearer and less biased information, while passengers' perceptions represent the fundamental point of view for SQ evaluation. Therefore, both joined measures could provide a more useful and reliable measurement tool of transit SQ.
Surveys
User surveys are an essential tool for collecting the information used to analyse quality. As indicated in Section 1, CSS are widely adopted. These are questionnaires where customers are asked to rate satisfaction or performance perception on each key service attribute. In addition, customers are normally asked to answer other questions as well, depending on the methodological approach used for the subsequent data analysis (Section 3). They are often asked to rate also the importance of each attribute, or a ranking of them, and the global overall service satisfaction (e.g. Friman and Gärling, 2001; Joewono and Kubota, 2007a; 2007c; Koushki et al., 2003) . In some cases, they are asked to rate on each attribute, in terms of both perceptions and expectations (e.g. Lin et al., 2008; Sultan and Simpson, 2000) ; or to rate global service, in terms of both perceptions and expectations (Eboli and Mazzulla, 2012b) .
(Table 1)
In Table 1 it is possible to observe large part of the existing research for analysing SQ in PT based on CSS.
The air transport services, as well as the urban and metropolitan PT services, are the ones with more research about SQ using CSS (Table1). Normally, ratings are expressed on two scales: numeric or linguistic, answering to questions in the following form: "How satisfied are you with…?". Numeric scales are more widely used and have a wider range: from 3-to 11-points. Table 1 shows that the 5-point Likert scales are the most widely adopted, while linguistic scales are used less and have a narrower range: from 3-to 7-points, defined from "not satisfied" to "very satisfied". High satisfaction ratings mean that a transport company is meeting or exceeding its passengers' expectations, and consequently, if they improve these satisfaction ratings, they could earn the trust and respect of its passengers. On the other hand, low satisfaction ratings mean an under-fulfilment of passengers' service requirements, and the need of urgent improvements. Attributes importance collected by importance rating, or ranking, gives information about passengers' underlying priorities, which provides support and justification for transport strategic decisions.
MODELING METHODS FOR ANALYZING SERVICE QUALITY
There are two main theoretical currents for analysing service quality: (a) performance perception and expectations approach (Parasuraman et al., 1985) ; and (b) only performance perception approach (Cronin and Taylor, 1992) . Moreover, there are also two types of methodological approaches, depending on whether SQ is measured by disaggregation (i.e. service attributes are analysed individually) or aggregation (when an aggregate analysis of attributes is used to obtain an overall Service Quality Index, SQI, or a Customer Satisfaction Index, CSI). In this section, a review and critical discussion about the methodologies used for analysing SQ in the PT sector is presented. While disaggregated models help to set priorities for service improvements from among a long list of service attributes, aggregated models provide a SQI that permit service to be analysed over time and different services to be compared (e.g. territorial scope, suppliers, etc.). In some cases both approaches are used together to profit from their benefits: disaggregated models help managers to more optimally focus their organization's attention and resources, and aggregated models allow to globally analyse the level of SQ, and to determine the effect that service interventions have produced on the passengers' overall perception. In order to obtain the SQI, it is essential to know the weight or importance of each attribute in terms of global quality. The manners in which the weights can be obtained are approached in Section 4.
( Table 2) 3.1.-Aggregate performance-expectation models Parasuraman et al. (1985) proposed that SQ is a function of the differences between expectation and performance, from a customer point of view. They developed a model based on gap analysis and the overall SQ was defined as:
where k is the number of attributes; P ij is performance perception of stimulus i with respect to attribute j;
and E ij is service quality expectation for attribute j that is the relevant norm for stimulus i. Parasuraman et al. (1988) developed the SERVQUAL (SERVice QUALity) scale for measuring customers' perception of SQ. A number of authors have used the SERVQUAL scale for analysing airline SQ (e.g. Abdlla et al., 2007; Kiatcharoenpol and Laosirihongthong, 2006) and Liu and Gao (2007) adapted the SERVQUAL scale for evaluating railway services.
Although this model has served as a starting point for SQ analysis for several decades because it provides an overall SQI that allows for analysis over the time or to compare different services, this approach does not help to set priorities for service attributes improvements. Also, Eq.1 implies that all the attributes are equally important in SQ, which is not the case.
Other authors proposed weighting each attribute by a weight that would take the importance of each attribute into consideration. Pakdil and Aydin (2007) used a weighted SERVQUAL for analysing airline SQ. Chou et al. (2011b) included fuzziness in SQ evaluation by using a fuzzy weighted SERVQUAL to evaluate airlines.
Another measure for SQ evaluation is provided by the Customer Satisfaction Index (CSI) (Hill et al., 2003) .
CSI represents a measure of SQ on the basis of attributes' importance and satisfaction rates (see Eq.2) .
where S k is the mean of the satisfaction rates expressed by users on the service quality k attribute; and W k is a weight of the k attribute, calculated on the basis of the importance rates expressed by users. Specifically, it is the ratio between the mean of the importance rates expressed by users on the k attribute and the sum of the average importance rates of all the service quality attributes.
CSI represents a good measure of overall satisfaction because it summarizes customer judgments on several service attributes in a single score. However, customer satisfaction rates can be very heterogeneous among users. These heterogeneities cannot be taken into account by CSI. To overcome this lack, importance weights and satisfaction rates can be corrected according to their dispersion. Eboli and Mazzulla (2009) introduced these adjustments calculating a Heterogeneous Customer Satisfaction Index (HCSI) that they used to evaluate suburban bus lines. HCSI was calculated by Eq.3.
where S c k is the mean of the satisfaction rates expressed by users on the k attribute corrected according to the deviation of the rates from the average value; and W c k is the weight of the k attribute calculated on the basis of the importance rates expressed by users, corrected according to the dispersion of the rates. HCSI introduces heterogeneity into user judgments: more significance is given to the attributes with homogeneous user judgments.
This group of methods can also include multicriteria analysis (MA) when customers are asked for their degree of satisfaction with a specific criterion or attribute. MA has been widely used to deal with problems involving multiple criteria/attributes, as in the case of PT quality of service. Frequently, MA has been combined with a fuzzy approach: Kuo et al. (2007) assessed SQ for interurban bus services, and several authors have used this approach for airlines. In the model proposed by Chang and Yeh (2002) subjectivity is considered in assessments in terms of attribute satisfaction and attribute importance. Liou and Tzeng (2007) take into account that attributes are not usually independent. Tsaur et al. (2002) and Nejati et al. (2009) ranked airlines' SQ factors using a fuzzy TOPSIS approach. The VIKOR method, which is based on an aggregate function representing "closeness to the ideal point" has also been adopted recently (e.g. Kuo and Liang, 2011; Liou et al., 2011b) . Opricovic and Tzeng (2004) compared VIKOR and TOPSIS and demonstrated that TOPSIS does not consider the relative importance of attributes.
3.2.-Aggregate models based only on performance
Some researchers consider that models based only on performance perception are better than combined perception-expectation models (Babakus and Boller, 1992; Cronin and Taylor, 1992) . Arguments in favour of only perceptions models are based on the notion that performance perceptions are already the result of customers' comparison of the expected and actual service. Cronin and Taylor (1992) proposed a measurement based only on performance perceptions (SERVPERF). Overall SQ is evaluated according to:
where k is the number of attributes; and P ij is performance perception of stimulus i with respect to attribute j. Eq.4 implies that all the attributes have the same weight in SQ. So, many authors propose weighting each attribute to take into consideration their respective importance in SQ. In the field of PT, Sánchez et al. (2007) proposed a weighted SERVPERF for assessment of urban bus services.
MA based on SERVPERF was also used for analysing SQ in the PT sector. Yeh et al. (2000) and Awasthi et al. (2011) used a fuzzy MA approach for evaluating urban transportation systems. This approach was also used for airlines and airports evaluation (e.g. Yeh and Kuo, 2003) . Nathanail (2008) evaluated railways using a MA based on objective and subjective data from several sources: statistical data, mystery rider and CSS. In their opinion, it is impossible for a passenger to be able to provide a global performance grade of the itinerary based on a short experience, and therefore a combination of objective and subjective measurements is proposed (TRB, 1999).
3.3.-Disaggregated models based on performance only
The disaggregated models most widely used to evaluate SQ are based on Quadrant Analysis (QA) ( Figure   1 ). The most widespread QA is Importance-Performance Analysis (IPA), which uses importance and performance as coordinates. This quadrant chart quantifies how important each attribute appears to be from a customer perspective (y-axis) and shows the average customer rating for each characteristic (x-axis).
This simple technique prescribes the prioritization of attributes for improvement, and provides guidance for strategy formulation (Slack, 1994) . However, the IPA matrix is a visualizing method and how to determine the precise ranking of the priority of improving attributes remains ambiguous and unidentified (Abalo et al., 2007) .
(Figure 1)
IPA has been applied to evaluate transit systems (Weinstein, 2000) , high speed railways ) and airlines (Chen and Chang, 2005) . This method is widely used by transport company managers in the metropolitan transport sector Figler et al., 2011; Foote and Stuart, 1998) owing to their simplicity. Stradling et al. (2007) introduced the user disgruntlement measure, derived by cross-tabulating performance against importance rating for each attribute. They used this variation of the IPA to analyse different aspects of a particular service (e.g. user satisfaction with bus interchange), to compare across modes (e.g., user satisfaction with trips by car and bus), and within a mode across population sub-groups. Eboli and Mazzulla (2011) , following Nathanial (2008) Parasuraman et al. (1991) proposed the concept of the zone of tolerance (ZOT) of expectations. They thought expectation could be divided into two levels: desired service (DS) and adequate service (AS). ZOT is the difference between DS and AS, service superiority (SS) is the difference between DS and perceived service (PS), and service adecuacy (SA) is the difference between PS and AS (Zeithaml et al., 1993) .
3.4.-Disaggregated performance-expectation models
Following Parasuraman et al. (1991) , DS is the service the customer hopes to receive (it is a blend of what the customer believes "can be" and "should be") and AS level is that which the customer finds acceptable. Hu and Jen (2006) define SQ in terms of the difference between perceived quality and tolerable quality (AS following Parasuraman et al. (1991) ) and apply it to evaluate the SQ of urban buses. Cavana et al (2007) use ZOT for managing passenger rail service quality. Recently, Chang et al. (2012) introduced the fuzzy ZOT concept and applied it in the airline cargo business.
IPA was also used interchanging performance by satisfaction (Mathisen and Solvoll, 2010; Wang et al., 2010) . Recently, Tsai et al. (2011) combined AHP, VIKOR and IPA methods for considering airport passengers' preferences (importance) and satisfaction simultaneously. The AHP was employed to measure the relative importance of each attribute; then, the VIKOR method was used for computing the customer gaps of airport passenger service. Finally, IPA was used for improving (reducing the gaps) attributes with higher importance.
Based on ZOT and IPA, Hu (2010) proposed the concept of ZOT of expectation for evaluating SQ (ZSQ) and built an analytical framework for prioritizing attributes through a QA based on ZSQ and normalized importance (NIZSQ method). ZSQ is based on the concept of the 'performance ratio' in the customer satisfaction area (Vavra, 1997) . The 'performance ratio' quantifies how much, from minimal to superior performance, an organization has progressed on a specific attribute. According to the same concept, ZSQ can show the 'SQ ratio'. Since DS, AS and PS can be seen as 'superior', 'minimum' and 'current', ZSQ can be expressed by the following equation:
The meaning of SA divided by ZOT represents the performance ratio of SQ according to the customers' expectation. The smaller value of the service attribute's ZSQ means worse performance and should therefore have a higher priority to be improved.
After evaluating the ZSQ, managers need to consider the attribute's importance for judging the priority for improving attributes whose ZSQ values are between '0' and '1'. They only need to focus on values between '0' and '1' for two reasons (Hu, 2010) :
• If ZSQ >1, PS is higher than DS and there is no need for improvement at the moment.
• If ZSQ < 0, the attribute must be improved immediately without any prioritizing analysis.
NIZSQ can be used for this purpose (Hu, 2010) . NIZSQ method normalizes the importance data (NI) and replaces the x-axis in the IPA by ZSQ. Thus, NIZSQ analysis can be drawn as a two-dimensional diagram whose x-axis and y-axis have the same range ( Figure 1) : from '0' to '1' and they can be divided into four quadrants. The meanings of the four quadrants are the same as for the traditional IPA.
The top-right and bottom-left diagonal shows the ideal positions for attributes, which means that the performance of SQ is even with the importance (Slack, 1994) . So, attributes on the left side of the diagonal need to be improved. The horizontal distance between attributes and the diagonal represents the improving space and the degree of urgency. The longer the distance is, the larger the space to improve is, and therefore the higher the priority to be improved. If the attributes have the same d value, they should be prioritized by their importance (Hu, 2010) . Hu (2010) used NIZSQ analysis to evaluate SQ of bus services and compared the results with a traditional IPA. While IPA may lead managers to focus only on some items and ignore others, NIZSQ analysis reminds managers that they should keep those items in mind. Furthermore, NIZSQ analysis is not only a QA, but also offers the improvement priority (d value) of each item based on the ZOT. Since prioritization is critical to managers' planning and they are usually unlikely to be able to focus on all items, d value can give them clear information regarding which items should be improved in priority and which items later.
3.5.-Other analyses
Finally, there are other studies in the literature that do not come under any of the methodological approaches indicated in Table 2 .
Some studies are conducted in terms of verifying hypotheses on SQ based on data supplied by CSS. Some of them use standard statistical methods (e.g. t-test, ANOVA, MANOVA, etc.) to confirm the hypotheses (e.g. Drea and Hanna, 2000; Pedersen et al., 2011) . Others, however, use more advanced methods, such as Structural Equations Models (SEM) or Path Analysis for verification purposes (SEM and Path Analysis are described in Section 4).
Other papers study the differences in SQ perceived by different groups of individuals, services or companies, or before/after carrying out an action. Many authors (e.g. Paquette et al., 2012; Surovitskikh and Lubbe, 2008) compare SQ through different categories of users or population groups, using the standard statistical methods pointed out in the previous paragraph. This type of analysis has been also conducted using more advanced methods, including ordered choice models (Dell'Olio et Hensher et al., 2010; , SEM (Andreassen, 1995; Ostrowski et al., 1993; , although comparisons have also been made using SEM Chou et al., 2011b) , Path Analysis and ordered choice models (Tyrinopoulos and Antoniou, 2008) .
Finally, some studies analysed SQ before and after carrying out an action (Foote et al., 2001; Friman, 2004; Pedersen et al., 2011) .
APPROACHES TO ESTIMATE THE RELATIVE IMPORTANCE OF EACH SERVICE QUALITY ATTRIBUTE
PT companies want to know not only how their customers rate them on detailed service attributes (attributeperformance ratings), but also the relative importance of these attributes (attribute-importance measures) to their customers. Section 3 shows that most approaches use the importance of each attribute for analysing SQ, due to not all the attributes equally affect customers' overall evaluation, but some of them are key drivers for generating their opinions. Considering the attributes-performance ratings joined to the attributeimportance measures provide a deeper understanding about how passengers' global evaluation is created.
At this section, there are displayed the different approaches used for estimating the attributes' importance in the PT sector, highlighting their main advantages and disadvantages. Table 3 collects several research carried out in the transport industry, classified by the method used to determine the weight of the attributes.
The most common approach (Table 3) is asking customers to rate each attribute on an importance scale (Stated Importance), although methods that derive attribute importance by statistically testing the strength of the relationship of individual attributes with overall satisfaction (Derived Importance) are also widely used.
( Table 3) 
Stated importance
This is the most intuitive and simplest of both methods: passengers are asked for the importance that attributes have for them. However, this approach has several disadvantages:
• it increases the length of the survey. This can depress the overall response rate and accuracy of the survey
• it yields insufficient differentiation among mean importance ratings, with customers rating nearly all of the measures near the top of the scale
• attributes may be rated as important even though they in fact have little influence on satisfaction.
In some cases (Liou and Tzeng, 2007; Tsai et al., 2011; Tsaur et al., 2002) more sophisticated processes are used, such as the Analytic Hierarchy Process (AHP).
Derived importance
It is common practice to include in CSS both questions about a customer's overall satisfaction with the service and detailed questions about specific characteristics of the service. The information gathered can be used in several statistical methods (e.g. bivariate correlations, multiple-regression analysis, SEM, etc.) for deriving the attributes importance from CSS.
Factor analysis (FA)
FA is a set of multivariate statistical techniques whose primary goal is to investigate whether a number of variables of interest are linearly related to a smaller number of unobservable factors. FA provides a better understanding of how customers perceive various service attributes by showing which attributes tend to be thought of similarly. FA is normally used as a preliminary step for other methods, such as multiple linear regression analysis Weinstein, 2000) , discriminant analysis or SEM (Eboli and Mazzulla, 2012b) . The factors provide a more manageable number of variables with which to carry the analysis to the next level.
Bivariate correlations
Bivariate correlations can be used as a tool for ranking the relative importance of each attribute (Figler et al., 2011; Weinstein, 2000) . The main disadvantage of this method is that it disregards the correlation among attributes, so it is important not to interpret the coefficients too literally owing to the extensive collinearity among them.
Regression analysis
The purpose of regression analysis is to assess the relative importance of each factor and to test the overall explanatory power of the battery of factors as a whole. In the regression model, the factors serve as the independent variables (IV), whereas overall satisfaction, or SQ, serves as the dependent variable (DV).
Regression analysis results in a best-fitting model in the form of an equation that expresses the DV as a combination of the IV. Several models of regression have been proposed to study satisfaction or SQ (Table   3) .
Papers based on multiple linear regression models Weinstein, 2000) do not take the categorical nature of the DV into consideration and are infrequently used in the literature.
The most widely used methods are the ones that take into account that the DV is categorical. Aksoy et al. (2003) propose using Discriminant Analysis (DA) to identify key service dimensions for predicting satisfaction in airlines. DA undertakes the same task as multiple linear regressions by predicting an outcome, but considering that the DV is categorical. Logistic regression and probit regression are similar to DA, as they also explain a categorical variable. However, these other methods are preferable in applications where it is not reasonable to assume that the independent variables are normally distributed, which is a fundamental assumption of the DA method. Several authors propose Ordered Logit, OL (e.g. Tyrinopoulos and Antoniou, 2008) and Ordered Probit, OP (e.g. Dell'Olio et al., 2010) models to study the relationship between overall satisfaction and each of the attributes under consideration. OL or OP models are extensions of the logistic or probit regression models, allowing for more than two (ordered) response categories, which is the situation encountered with the CSS. In OP models the unobserved terms are supposed to be distributed as standard normal instead of logistic, which is the hypothesis in OL. Recently, Hensher et al. (2010) proposed a Generalized Ordered Logit model that accounts for preference heterogeneity through random parameters.
Structural Equation Models (SEM)
SEM is a multivariate technique combining regression, factor analysis, and analysis of variance to estimate interrelated dependence relationships simultaneously. This approach allows the modelling of a phenomenon by considering both the unobserved "latent" constructs and the observed indicators that describe the phenomenon. SEMs are made up of two elements: the first describes the relationship between endogenous and exogenous latent variables, and permits the evaluation of both direction and strength of the causal effects among these variables (latent variable model); the second component describes the relationship between latent and observed variables (measurement model). The structural equation system is estimated by using different methods: maximum likelihood, weighted and un-weighted least squares, generalized least squares, and so on.
SEM have been adopted for describing customer satisfaction in several PT services: metropolitan public transportation (e.g. Karlaftis et al., 2001; Lai and Chen, 2011; Minser and Webb, 2010; Nurul-Habib et al., 2011; Stuart et al., 2000; de Oña et al. 2013 ); interurban bus services (e.g. Wen et al., 2005) ; rail transportation (e.g. Chou et al., 2011a; Eboli and Mazzulla, 2012b) and airlines (e.g. Cheng et al., 2008; Park et al., 2006; Saha and Theingi, 2009; Yang et al., 2012) .
Path analysis can be viewed as a special case of SEM: one in which only single indicators is employed for each of the variables in the causal model. That is, path analysis is SEM with a structural model, but no 20 measurement model. Several authors (e.g. Forgas et al., 2010; Park et al., 2004) used this method for modelling airlines SQ. Jen and Hu (2003) and Lin et al. (2008) used path analysis for evaluating bus services. Finally, Joewono and Kubota (2007b) used it for analysing user perceptions of paratransit.
FUTURE DIRECTIONS
The first studies of SQ in the PT sector emerged in air transport sector and in urban and metropolitan PT in increase the number of passengers. In the case of air transport, the deregulation and opening-up-the-sky policies of the airline industry have put pressure on airlines and airports to become more competitive. In the urban and metropolitan PT, companies and governments are highly interested in enhancing the quality in order to discourage the use of cars. There have been fewer documented studies on ground interurban PT (by bus or by train) (e.g. Wen et al., 2005) . It is to be hoped that SQ concerns in these sectors will grow if this kind of services are liberalized, as it is one of the main objectives of the European transport policy (CE, 2001) .
In this context it is essential that transport managers can have a tool for measuring the quality of the service delivered, in order to formulate profitable funding strategies that improve the levels of performance of the service in harmony with the passengers' requirements.
It is not possible to identify the best method for measuring service quality. Each one of the methods shows advantages and disadvantages. Table 4 shows a summary of the key advantages and disadvantages of each one of the models.
(Table 4)
The approaches most widely used by practitioners, transport operators and governments are the ones based on CSS that use a quadrant analysis, such as the IPA and its variants (e.g. Christopher et al., 1999; Figler et al., 2011; Foote and Stuart, 1998) . Such methods help managers to set priorities for service improvements among a list of service attributes. Although IPA is the most used, it is only a visualizing method, it does not provide a precise ranking of the priority of improving attributes, and it sometimes can lead to ignore attributes that should have a high priority to be improved. For example, if an attribute is not considered as important (e.g. cleanliness) and its perceived quality is not very low (although it is under an acceptable threshold for passengers), IPA will ignore it, while NIZSQ will focus on it immediately. Hu (2010) compared the results using IPA and NIZSQ, and found significant differences (e.g. when the attribute "The company deals with passengers opinions and complaints" was ranked in the third place of priority in the NIZSQ method, it was not consider of high priority using IPA). Then, NIZSQ could better provide this information. However, this technique is complex and uses two types of rates (expectation and importance of each attribute). This could lead to passengers' confusion, and probably will not be very used by practitioners in the future.
On the contrary, researchers and academics have sought to arrive at a global indicator (SQI or CSI) that could be used to compare different services and their development over time. The most widely used models in this case have been based on disconfirmation theory (Parasuraman et al., 1988) . The traditional SERVQUAL model has been improved adding the importance of the attributes in the estimation of the index (weighted SERVQUAL and fuzzy weighted SERVQUAL) and also the CSI has been improved in the HCSI (Eboli and Mazzulla, 2009) , which introduces the heterogeneity of the users' judgements. However, both approaches (aggregate and disaggregate) should be used together to complement each other.
Given the subjective, qualitative and imprecise nature inherent to SQ evaluation data, a growing number of studies are using fuzzy set theory as an effective way for formulating this kind of problems. Another emerging trend in recent years proposes the combined use of subjective information obtained from users (through CSS) and objective data on service performance supplied by transport companies (e.g. Eboli and Mazzulla, 2011; Nathanail, 2008; Yeh et al., 2000) . This new approach is based on the consideration that passengers' perceptions alone can lead to many biases, especially when users' judgements are too heterogeneous, thereby both joined measures could provide a more useful and reliable measurement tool of transit SQ.
Analysing the heterogeneity of user perceptions has focused attention from the first studies on SQ in the PT sector (e.g. Glascock, 1997; Ritchie et al., 1980) in which the difference in the SQ perceived by different groups of individuals that had been previously segmented (in terms of socioeconomic or demographic data, travel habits, etc.) were compared. More recently, several works Wen and Lai, 2010; Wen et al., 2008) proposed new approaches that use several methods to identify clusters. This new method can be used to study specific population segments whose behaviour could hardly be identified by conventional stratification based on socioeconomic and/or demographic factors. If transport managers and practitioners are able to handle this heterogeneity they could formulate more successful strategies. If they want to success they need to adapt their strategies to each one of the different groups of users (i.e.
personalized marketing). HCSI (Eboli and Mazzulla, 2009 ) is also interesting with regards to taking into account the heterogeneity of user perceptions. It can be used to give more significance to the SQ attributes characterized by homogeneous user judgement, while less significance is given to the more heterogeneous attributes.
Moreover, as indicated in the introduction to this paper, discrete choice models based on SP surveys are becoming more widespread in the analyses of SQ in the PT sector. Several studies (e.g. Eboli and Mazzulla, 2008; Hensher et al., 2003; Gatta and Marcucci, 2007) assume that the overall level of passenger satisfaction is best measured by how an individual evaluates the total package of services offered.
Appropriate weights attached to each service dimension will reveal the strength of positive and negative sources of overall satisfaction. The weights are estimated using several models based on SP surveys, such as: multinomial logit, hierarchical or nested logit and mixed logit models. Gatta and Marcucci (2007) point out that these methods overcome some critical factors pertaining to methods based on CSS, such as conceptual grounds, psychometric problems and troubles with Likert scales. The latter, in particular, have a well-documented tendency for respondents to choose central response options rather than extreme ones.
Other factors include the impact of the number of scale points used; the influence of the format and verbal labelling of the points; and the transformation from ordinal data to cardinal data. However, for the moment, SP surveys and discrete choice models are complex, and probably practitioners will not use them in the near future.
The drawbacks of the methods that determine the relative importance of each SQ attribute based on stated importance are many: increase in the length of the survey; insufficient differentiation among mean importance ratings, with customers rating nearly all of measures near the top; and attributes that are rated as important even though they have little influence. Nonetheless, there has been no increase in the methods used to derive importance by statistically testing the strength of the relationship of individual attributes with overall satisfaction. This may be largely due to the fact that although statistically inferred methods can overcome the shortcomings of stated importance ratings, most of them carry the assumptions of relatively normal data, linear relationships between independent and dependent variables, and the relatively low multi-collinearity between independent variables and, in customer satisfaction research, these assumptions are almost always violated (Garver, 2003) . Lately, new methods are being proposed that can overcome these weaknesses, such as the AHP (Liou and Tzeng, 2007; Tsai et al., 2011; Tsaur et al., 2002) and others based on data mining (de Oña et al., 2012 , de Oña et al. 2014a de Oña et al. 2014b ).
The methods based on data mining have the advantage of not needing assumptions or pre-defined underlying relationships between dependent and independent variables, and therefore they are now being used to study SQ in the PT sector. Liou et al. (2011a) In this case, the company can decide the strategy based on its resources limitations. Maybe increasing the quality of Frequency is not affordable, while increasing the quality of Information is easier, achieving that POOR evaluations are removed. These rules allow considering more than one attribute at the same time, which is not the case for IPA. Recently, de Oña et al. (2012; 2014a; 2014b) and de Oña and de Oña (2013a; 2013b) use decision trees to infer the rules and the attributes that have the most influence on metropolitan PT quality of service and on a railway service. Owing to their success when applied to many other fields and the fact that they provide effective ''If-then'' rules that make the model very practical and easy to interpret from the perspective of management by PT operators and managers, it is to be hoped that such models will be further developed in the years to come.
SUMMARY AND CONCLUSIONS
As the preceding discussion indicates, SQ evaluation of PT poses formidable challenges: how to deal with such a complex, fuzzy and abstract concept as SQ; whether we should use performance perception only or also customers' expectations; which expectations should be considered (ideal, desired, adequate or tolerable quality); what is the relationship between SQ and satisfaction; how to identify the most relevant attributes that affect SQ; how to deal with subjective, qualitative and fuzzy data from surveys; possibility of using objective data (from transport companies) combined with subjective data for SQ analysis; customers satisfaction surveys limitations (maximum length of the survey, scale used, etc.); best ways to analyse heterogeneity; etc.
To deal with these challenges, innovative methodological approaches have been introduced from the beginning of 21 st century. However, everybody will use not all the models. Researchers and academics probably will develop and use the most sophisticated and complex ones, e.g. SP surveys and discrete choice models, fuzzy logic, NIZSQ, etc. While practitioners and transport managers will use the simplest and most useful for their main objective, i.e. increase the passengers' perceived SQ for increasing profitability. Since SQ measurement is carried out for very practical reasons, we believe that, among the approaches that have appeared in recent years, there are three that probably will have a highest impact on practice: the combined use of objective and subjective information, cluster analysis and "If-then" rules. Since the subjective information is essential for PT managers, and it cannot be replaced by objective data, the combination of both kinds of data sources (objective and subjective information) could acquire notable importance in the future, and the identification of gaps among these different SQ evaluations is worthy of more research, in order to fulfil the need to provide a reliable as possible measurement tool of SQ for PT managers. Cluster analysis is very interesting for achieving a personalized marketing in PT. And finally the rules based on data mining are easy to understand by practitioners and do not need pre-assumptions between the variables relationships.
In summary, this paper tries to provide a useful and comprehensive review of the key issues associated with SQ evaluation in the PT sector as well as the reasons behind the different methodological approaches that have been used to address this issue. This paper tries to add useful insight to the knowledge in this area. Table 1 . Summary of previous research: PT industry, regional context, valid surveys and scale used Table 2 . Summary of previous research on PT analyzing SQ by model type Table 3 . Summary of previous research on PT classified by the method used to determine the weight of the attributes used in SQ analyses. 
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